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Abstract— State-of-the-art decentralized collaborative Simul-
taneous Localization And Mapping (SLAM) systems crucially
lack the ability to effectively use well-mapped areas generated
by other agents in the team for relocalization. This often leads
to map redundancy between agents, inefficient communication,
and the need for costly re-mapping of areas previously mapped
by other agents. In this work, we propose a strategy to efficiently
share the areas mapped by different agents in a collaborative, de-
centralized SLAM system. This approach directly addresses map
redundancy while maintaining the consistency of the estimates
across the agents and keeping the overall system scalable in terms
of cross-agent communication and individual computational
effort. Our method leverages covisibility information between
keyframes instantiated by different agents to transfer local
sub-maps on-the-fly in a completely decentralized, peer-to-peer
fashion. A globally consistent estimate is achieved by solving a
distributed bundle adjustment problem using the Alternating
Direction Method of Multipliers (ADMM), where we enforce
constraints on shared map points and keyframes across agents.

I. INTRODUCTION

Considering the maturity of single-agent SLAM, research
efforts have recently shifted towards investigating the chal-
lenges of collaborative SLAM using a team of agents. Many
real-world tasks can be achieved significantly more efficiently
by distributing the workload among multiple agents, rendering
the importance of multi-agent collaboration and, in particular,
collaborative SLAM seminal, with potential applications such
as shared AR experiences, using smartphones [1] or search-
and-rescue scenarios using a team of robots [2]. Due to their
ubiquity, cost-effectiveness, and ability to provide information-
rich output, cameras have traditionally been a suitable choice
for both single-agent [3]-[5] as well as multi-agent SLAM
[2], [6], [7], often considering parallel tracking, mapping
and loop closure modules. In particular, collaborative SLAM
approaches can be designed as centralized or decentralized
systems. In centralized architectures [2], [7], [8], local, per-
agent tracking and mapping data is communicated to a central
server. The server then establishes intra- and inter-agent
constraints and periodically optimizes the global solution
(e.g., map, motion), potentially communicating back to the
individual agents to improve their onboard estimate. The
computational and communication requirements on the server
in centralized approaches scale, at best, linearly with the
number of agents, becoming a prohibitive bottleneck for
large, swarm-sized teams of robots [9]. Alternatively, in
decentralized collaborative architectures the computational
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Fig. 1: Example of a real office scene where three agents (in
different colors) perform decentralized collaborative SLAM.
Using the proposed approach, agents are able to re-use and
relocalize themselves in each other’s map by distributing the
SLAM data on-demand among agents.

efforts are distributed among all the robots and peer-to-
peer communication is possible. Nonetheless, decentralized
architectures must rely on efficient and reliable coordina-
tion strategies to establish inter-agent constraints and keep
consistent state estimates across the team. Previous research
efforts have focused on peer-to-peer, communication-efficient
solutions for decentralized place recognition [10], [11] and
loop closure [12], [13], as well as distributed optimization
approaches [14]-[16].

The ability to relocalize in previously mapped areas of
the environment has become an established practice in state-
of-the-art single-agent SLAM [4], [5], and has also made
its way in centralized collaborative SLAM [7], as mapping
efforts and drift can be dramatically reduced in previously
explored areas. However, in order to leverage and relocalize
in other agents’ maps, agents in state-of-the-art decentralized
SLAM systems often create, maintain and transmit redundant
information on previously mapped areas. Inspired by the
single agent approach [17], here we propose an approach to
leverage the covisibility information and efficiently identify
and share relevant parts of the map with other agents in the
team to be reused by them (see Fig. 1). To yield a consistent
shared map estimate across agents in a decentralized and
asynchronous manner we rely on the distributed ADMM
bundle adjustment formulation [15].

In brief, this paper presents the following contributions:

1) an open-source' decentralized map management strategy
for efficient cross-agent relocalization that mitigates map
redundancy,

2) a strategy to leverage asynchronous ADMM to maintain
global consistency over estimates of shared states, and

3) thorough evaluations on state-of-the-art and self-
collected datasets revealing the scalability of our ap-

https://github.com/VIS4ROB-1lab/decoSLAM.
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proach in challenging multi-agent scenarios, with direct
impact on the communication overhead.

II. RELATED WORK

Centralized approaches to vision-based collaborative lo-
calization and mapping [2], [7], [8] rely on computationally
powerful servers to relieve the individual agents of costly
processes, such as global inference and global relocalization.
Conversely, decentralized approaches have to rely on scal-
able peer-to-peer interactions to overcome the need for a
centralized server.

Early works in decentralized SLAM used peer-to-peer
collaboration to exchange local information in the form of
condensed factor graphs among close-by robots, for both
localization [18] and SLAM problems [19]. In the same vein,
Dubois et al. [20] consider visual-inertial factor graphs and
make sparsified factors available to agents within communi-
cation range. Murai et al. [21] show scalable decentralized
multi-robot localization using Gaussian belief propagation.

Focusing specifically on pose-to-pose constraints, Tian et
al. [14] explore a robust, distributed and asynchronous Pose
Graph Optimization (PGO), and further provide certifiable
correctness in [22]. Similar techniques are expanded into
complete multi-agent systems in [23]-[25].

In visual place recognition, different techniques often
rely on lossy compression of images (e.g. descriptors) to
effectively characterize and efficiently re-identify unique
places. For single agent systems, bag-of-words-based [26]
approaches are a common choice [4], [27] to achieve such
a representation. Conversely, full-image descriptors were
shown to perform well in decentralized candidate selection
[10], [11] for multi-agent SLAM. Taking this a step further,
[12] and [13] address the communication efficiency of
the subsequent geometric verification step for better loop
closures. Furthermore, the work of Choudhary et al. [16]
combines object-based maps with a PGO backend to reduce
the communication burden when establishing inter-agent
constraints.

A recent comparative study on multi-agent optimization
by Halsted et al. [28] suggests the viability of ADMM as a
powerful choice for distributed optimization in multi-robot
systems. The use of ADMM as a decentralized optimization
backbone for multi-agent problems was first investigated in
[29], for pose-graph optimization, and in [30], [31] for offline
large-scale bundle-adjustment. Theoretical contributions on
asynchronous ADMM [15] have recently been explored in
collaborative state estimation for two agents with communi-
cation delays [32] and scaling up constellation-estimation to
a swarm of aerial robots [9].

The literature so far has focused mainly on minimizing
the communication efforts needed to obtain a collaborative
trajectory estimate across the agents, generally achieved
using a distributed pose graph optimization with inter-agent
constraints. These schemes, however, often disregard the
re-use of maps collected from other agents to directly
improve the local, per-agent estimates (e.g., pose tracking,
relocalization), limiting the benefit of the collaboration to the
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Fig. 2: Each agent runs a standard SLAM pipeline that stores
and loads keyframes and map points from an abstract shared
map. Locally stored data is used during local tracking and
optimized in a distributed global optimization.

optimization of the joint trajectory. Here, we purposefully
enforce the reuse of the acquired and processed data across
all agents in all steps of the system, including the frame-to-
frame estimation and thus also directly influence the mapping
process.

I[II. METHODOLOGY

The diagram in Fig. 2 depicts the system components
present on each agent and the interactions between them.
Each agent runs a SLAM system (Section III-A) that creates
new keyframes, map points, and associations between them
(i.e. observations), which are stored in a distributed shared
map (Section III-B). Every agent caches a minimal amount
of information in their local storage to minimize data
duplicity and the communication overhead required to keep it
consistent across agents. Global consistency of map points and
keyframes is achieved using a distributed global optimization
scheme (Section III-C).

In the following, we denote the set of agents in the
decentralized system as R := {1,2,..., R}, and the sets
of map points and keyframes stored in the shared map as P
and T, respectively.

A. SLAM pipeline

Each agent runs a custom-made graph-based, stereo SLAM
onboard using standard modules [17], [27].

1) Local Tracking: We localize new stereo frames using
2D-to-3D matching using a RANSAC-based P3P [33]. Each
incoming frame is assigned to a reference keyframe Tief
with the strongest covisibility, i.e. with the highest number
of commonly observed map points. At the same time, as
illustrated in Fig. 3, we define a subset of local keyframes
Tiocal(Tret) € T that includes the reference keyframe Tef
and its neighbors in the covisibility graph. The tracking of
each new frame only considers the map points observed
from the subset of local keyframes Tiocal(Trer) [17], [34].
As tracking proceeds, the reference keyframe T,.f might
eventually switch to one of the neighboring keyframes denoted

T! s € Tiocal(Trer). As a consequence, the new reference
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keyframe and covisible neighboring keyframes Tiocai(Ze¢),
and their associated map points are dynamically fetched from
the shared map into local storage (Section III-B), potentially
re-using information created by other agents. A new keyframe
is created when the ratio between the average depth of
the observed map points and the baseline to the reference
keyframe exceeds a threshold or the number of observed
points falls below 40, as in [3], [5].

2) Local Mapping: Unmatched keypoints in new
keyframes are stereo-triangulated into new map points and
submitted to the shared map. These new map points are also
projected into the keyframe’s neighbors in the covisibility
graph to introduce additional observations. As in [5], map
points are generously created but aggressively culled, remov-
ing them if they have not been re-observed after 5 keyframes
since their creation.

3) Loop Closure: For each new keyframe a set of loop-
closure candidates are identified in a decentralized manner as
described in [11], employing NetVLAD descriptors [35], and
ignoring those neighboring candidates which are connected
to the new keyframe in the covisibility graph. Geometric
verification of loop-closure candidates is applied by matching
the keypoints of the candidate with the map points observed
in the new keyframe, applying 2D-3D RANSAC and only
accepting those candidates with a minimum number of
inliers. After a successful loop closure, duplicated map points
between the new keyframe and the candidate keyframe are
merged.

B. Distributed Shared Map

Keyframes, map points, and observations are handled in the
SLAM process as if each agent would be able to seamlessly
interact with a global, shared map. In our decentralized
approach, this is only an abstraction as the data is not centrally
stored in any specific agent, but distributed among all of them
instead. The interactions with this shared map may then incur
inter-agent communication overhead and thus, we propose a
strategy efficiently store and share data on-demand, guided
by the SLAM process.

1) Distributed Look-up: Inspired by [11], each newly
created keyframe and map point is linked to a unique key
represented by a tuple (r,ID), i.e. the agent’s index r € R
and a unique ID assigned to that keyframe or map point
upon creation by agent r, forming a so-called keyframe key
or map point key, respectively. Each agent is designated as
the responsible coordinator of the keyframes and map points
they create. New observations related to specific keyframes
and map points are transmitted to the appropriate coordinator.
Any distributed look-up comprises a request to the relevant
coordinator agent using a querying key, which, in response,
returns the requested data.

2) Covisibility Graph: For efficient querying of the rele-
vant map data, a covisibility graph consisting of vertices (i.e.
keyframe keys) connected through weighted edges (indicating
the number of co-observed map points) is maintained. Each
agent stores vertices of the global covisibility graph for
the keyframes that it created along with the corresponding
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Fig. 3: On-demand map transfer based on covisibility graph
between 3 agents, where each agent holds a set of keyframes
T in local storage. a.) Agents consider a subset of locally
stored keyframes Tiocal(Tref) around a reference Tref to
identify map points for tracking. b.) A change of reference
keyframe Tt — Trlef entails allocation of a new neighbor-
hood ﬂocal(Trlef), potentially transferring keyframes and the
associated map points between agents.

edges, i.e. the keys of the connected neighboring keyframes.
Following the distributed look-up scheme, each vertex and
its edges can be accessed using the corresponding keyframe
key. Edge weights are updated each time an observation is
added between a keyframe T; and a map point p;. The agent
that coordinates the map point p; identifies all keyframes
T (p;) €T observing p; and communicates the update to all
agents coordinating a keyframe from the set 7 (p;).

3) Management of Local Storage: Multiple agents con-
currently requiring the same data in their SLAM (e.g. two
agents tracking simultaneously the same map points), create
duplicated copies in their local storage. The subsets of the
global keyframes and map points locally stored in agent r
are referred to as 7, C T and P, C P, respectively. Locally
stored copies of keyframe poses and map points positions
are to be kept consistent across agents (Section III-C), and
the coordinating agent of such data keeps a register of the
agents that hold those copies (Section III-B.1). Specifically,
every coordinator of a keyframe pose 75 € 7 or map point
position p; € P, tracks all the agents that locally store copies
of the same data, denoted NV(7;) C R and N (p;) C R.

Locally stored data is kept to a minimum in each agent to
mitigate redundancy, only retaining those that are required
by the local tracking module to operate (Section III-A.1).
However, keyframes T; € Tiocal(Trer) that are no longer
in the neighborhood of the reference keyframe are further
retained in local storage if no other agent has a copy of it
according to the appropriate coordinator. Conversely, map
points are retained as long as at least one keyframe exists in
local storage that observes them, entailing that map points are
only shared across inter-agent covisibility edges. Employing
this strategy, each agent can request on-demand map transfers
(i.e. map points and keyframes) from other agents via an
intermediate known coordinator as they explore the scene
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(Fig. 3), enabling cross-agent relocalization.

C. Global Optimization

Keyframe poses and map point positions are optimized
in a Global Bundle Adjustment (GBA) using a distributed
version of ADMM [36], which we briefly introduce in the
following lines.

1) Distributed Asynchronous Bundle Adjustment: Introduc-
ing equality constraints on duplicated keyframes and map
points across multiple agents, the ADMM formulation by
[15] allows to perform asynchronous and decentralized GBA
using cross-agent consensus. Formally,

Vs € N(pz) \T‘, (1)
Vs e N(Tj)\r, ()

vpi,r S ,ﬁr - Dir = Di,s,
VT]‘J S 7; : Tj,r = Tj75,

where 7~} C 7, and 75,« C P, denote the subset of duplicate
states and local copies stored on agent r are denoted as
piyr € Pr and T}, € 7T, respectively. In [15], for every
pairwise equality constraint, each involved agent introduces
a dual variable. For instance, for a map point p; used within
the subset of agents NV'(p;), ([N (p;)| —1)? dual variables are
introduced, where [N (p;)| is the size of set N'(p;). The dual
variable introduced on agent r used to enforce the equality
constraint on map point p; between agents r and s, is denoted
as 2; r—s and, equivalently, a keyframe dual is denoted as
Ajr—s. The average dual for a map point z; . or keyframe
pose \j,. are computed as

1
27;,7« = Zi,s—T) (3)
N (pi)] -1 seN%i)\r -
- 1
PP S— Njosrr @)
S e P R

Note that computing the averages z; , and /_\jﬂ’ requires the
communication of the per-agent duals to agent r. All average
duals corresponding to map points Z; , and keyframes XW
that involve robot r are referred to as the sets AT and Z~,«.
The ADMM algorithm iteratively and asynchronously
alternates between two steps. In one step, the following
augmented bundle adjustment problem is locally solved,

(7.7, Pr) = argmin fga (7, Pr) + 5)
TrPr

fo (T Ar) +£ (P 2)

where fga is a standard robust bundle adjustment cost
function, consisting of reprojection errors (see e.g. [37]), and
f. are the consensus terms enforcing the equality constraints
in Eq. (1), which take the following form

£ (T 8r) = 306750 X+ 3 (M) = D 10T,
j ®)
£ (Pr2e) = 32 (0)" Zr + 5 (NG = D) o
Z ™)

where + is a tuning parameter. As in [32], we use a reference
pose T vef, Which is the initial pose of the corresponding
keyframe upon insertion into the map, and use the delta
transformation expressed in the tangent space of this ref-
erence pose 671, = log(T]Trthj,r). After solving Eq. (5),
observations with residuals above a threshold are identified
as outliers and removed.

In the other step, ADMM subsequently updates the duals

%7] (/\j77~—>s + )\j,s—n") - 7775Tf,m
VI, € T e NI\ ®
%7] (zi,r—m + Zi,s—w") - 77’7]0;1»7

Vp;, € PrV¥s € N(p)\r, ()

>\j,7"—>s :/\j,r—m -

Zir—s —Ri,r—s

where 7 is a tunable stepsize parameter of the update,
generally set within the range (0, 1].

2) Dual Update: Other approaches using asynchronous
ADMM [9], [32] commonly execute the aforementioned steps
by broadcasting the dual updates \; s or z; s directly to
all other agents holding duplicates of that data. In our system,
optimized duplicated variables by each agent (Eq. (5)) are
sent to the appropriate coordinator agents of such variables.
In turn, each contacted coordinator computes the dual updates
(Eq. (8) and (9)), averages the duals (Eq. (3) and (4)), and
distributes the result among all agents holding a copy of
the state. In contrast to other strategies, the one proposed
here allows for agents holding duplicated variables to remain
agnostic to which other agents currently hold the same data,
thereby simplifying the exchange of duals significantly.

IV. EXPERIMENTS

In this section, we present a comparative study of the
proposed system with different degrees of collaboration
while analyzing their potential trade-offs. In the presented
experiments, individual agents are run as independent pro-
cesses within a single machine (8-core AMD Ryzen 4700U
@1.4GHz). As they operate concurrently on replayed pre-
recorded sensor data, they communicate data asynchronously
and on-demand as described in Section III. NetVLAD image
descriptors for loop closure are precomputed offline. Note that
while this communication is virtually instantaneous within
the same machine, the stochasticity of the per-agent processes
effectively creates delays between the message generation and
its processing in different agents. The pre-recorded sensor
data is replayed at 5% of the original speed to accommodate
for the limited capacity of the single machine concurrently
running all agents. At the same time, we limit computational
capacity by enforcing at most one iteration of ADMM per
second (adjusted to the playback speed) within each agent,
and a maximum of 10 iterations for Eq. (5), to mimic
realistic computational constraints on the agents. Parameters
for ADMM are set to v = 100 and n = 0.9 and remain fixed
throughout all experiments.

A. Evaluation on EuRoC

We reinterpret the five Machine Hall (MH) sequences
from the EuRoC dataset [38] as multiple agents concurrently
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sensing the same environment. The final keyframe pose
estimates are evaluated against the provided ground truth with
the toolbox [39] and the Root Mean Square Error (RMSE)
is presented in Table I using multiple configurations of the
proposed system. Here, the "single-agent" configuration refers
to the custom-made single-agent pipeline (Section III-A)
without collaboration among agents, serving as a baseline
against other state-of-the-art single-agent SLAM system such
as ORB-SLAM3 [5]. It should be highlighted, that compared
to [5], the custom single-agent SLAM system does not employ
advanced keyframe generation strategies or complex map-
culling techniques. Moreover, as the current system fully relies
on bundle adjustment for loop correction (i.e. without initial
PGO-based correction as in [5]), loops containing large drift
are still challenging for the proposed optimization scheme,
yielding generally worse RMSEs shown here for reference.

Among the collaborative setups, "no map sharing" refers to
the configuration where inter-agent constraints are added when
loop-closures are detected via matched map points, but no
additional map data is fetched for relocalization. Conversely,
the "map sharing" configuration embodies the full proposed
system, where agents fully exploit covisibility information to
relocalize against areas previously mapped by other agents.
For these collaborative configurations we not only report
the RMSE of the individually 6DoF-aligned trajectories to
ground truth in Table I, but also the RMSE resulting from the
combination of all the estimated trajectories, aligned using
a single 6DoF transformation (i.e. ‘global’). Additionally,
Fig. 4 depicts the number of map points in each agent’s local
storage over time, i.e. a proxy for the map size as map points
may be duplicated across agents.

Results in Table I indicate that the single-agent con-
figuration outperforms the multi-agent ones, despite more
information being available to all the agents. Note, however,
that the iterative nature of ADMM may lead to a slower
convergence rate in the number of iterations as agents can
only update their individual bundle adjustment problems
asynchronously. As one iteration of ADMM occurs at most
once per second in this experiment, the agents may be
operating on a partially converged problem as new sensor data
is processed, yielding only a negligible drop in performance
in simple trajectories, but producing a more notable effect
on the most challenging ones (i.e. MHO04, MHO5).

The accuracy of the proposed system using "map sharing"
slightly underperforms compared to the one using the "no
map sharing" configuration. In the "map sharing" configu-
ration, agents can reuse other agents’ data by dynamically
transferring keyframes and map points among them, creating
fluctuations as depicted Fig. 4b. This leads to an overall
smaller number of keyframes and map points (here over
15%), and thus, an overall more weakly constrained SLAM
problem (e.g., with fewer map point observations) compared
to the "no map sharing" configuration. Depending on the
system requirements, such a trade-off may be desirable as
the noticeable keyframe and map point reductions lead to a
smaller memory footprint as well as smaller optimization
problems which, in turn, result in lower computational

TABLE I: RMSE in meters on MH sequences of EuRoC.

MH Sequence 01 02 03 04 05 Global
ORB-SLAM3 [5] 0.029 | 0.019 | 0.024 | 0.085 | 0.052 -
Ours, Single-Agent 0.044 | 0.043 | 0.068 | 0.130 | 0.166 -
Ours, No Map Sharing || 0.049 | 0.054 | 0.102 | 0.306 | 0.285 0.235
Ours, Map Sharing 0.066 | 0.071 | 0.218 | 0.324 | 0.287 0.283
5 x10°
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[ MHO2

[CIMHo3
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[ MHO5

# Map Points [-]
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(a) No map sharing.

# Map Points [-]
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time [s]

(b) Map sharing.

Fig. 4: Number of map points in each agent’s local storage.

requirements for individual agents and better scalability (as
outlined in Section IV-B).

The communication requirements for both collaborative
configurations is depicted in Fig. 5, specifying the effort for
map transfers (i.e. sharing of map points and keyframes),
loop closures (i.e. candidate selection queries and geometric
verification), and optimization (i.e. exchange of optimized
states and duals). Using the "no map sharing" configuration,
the map transfer is only limited to communicating merged
map points upon cross-agent loop closure detections, whereas
in the "map sharing" configuration additional keyframes and
map points are transferred as described in Section III. As
in the "no map sharing" configuration relocalization in other
agents’ maps is not possible, more keyframes are generated,
resulting in additional loop closure queries and increasing
the associated communication cost. By transferring map
points and keyframes in the "map sharing" configuration,
the agents also share fewer duplicate states, resulting in a
smaller communication footprint for the optimization. While
the total communication requirements of both collaborative
configurations are similar in this experiment, despite con-
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Fig. 5: Total amount of data exchanged between agents.

sidering only 5 agents and without significant map overlap,
in the next experiment we explore how the "map sharing"
configuration exhibit significantly better scalability in more
specific scenarios.

B. Evaluation of scalability

We evaluate the proposed approach on a self-recorded
dataset featuring eight video sequences in an indoor office
environment (see Fig. 1, depicting only 3 robots for clarity).
These sequences have very high overlap in space and exhibit
similar viewpoints, resembling a scenario that could occur,
for instance, in collaborative AR / VR setups in enclosed
spaces. The presented analysis focuses on the growth of
computational and communication requirements as a function
of an increasing number of agents.

1) Computational cost: The computational cost of the
distributed optimization is dominated by the number of
keyframes in the problem (Eq. (5)), and thus we use a total
number of collectively optimized keyframes by the agents as
a proxy for the overall computational cost (see Fig. 6, top).
With map sharing disabled, each agent eventually maps the
entire area by itself, causing the total number of keyframes
to scale linearly with the number of agents. The map-sharing
strategy, on the other hand, stabilizes towards a constant
number of keyframes as the complete space is mapped in
a distributed manner by all the agents. Sparing any other
more advanced techniques, the proposed approach allows the
handling of overall larger scenes, as the map and thus, the
size of the optimization problems are in general more evenly
distributed. Note that, while the local storage management
described in Section III-B does not explicitly enforce such
an even distribution among agents, it organically occurs if
individual agents explore to similar degree different areas of
the scene.

2) Communication cost: Figure 6 (bottom) shows the total
data sent over the system as a function of the number of
agents. Without map sharing, the communication effort scales
quadratically with the number of agents. This is expected
when all agents have the chance to map the whole area, as they
can potentially establish loop closure to all the other agents
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Fig. 6: Total number of keyframes produced collectively by
all agents (top) and total data sent in MB (bottom) as a
function of the number of agents.

for each new keyframe. Moreover, map points merged as a
result of these loop closures become potentially shared among
all agents, making the communication effort in the ADMM
optimization also scale quadratically to keep the estimates
consistent. Using map sharing, not only the number of shared
states is reduced by design, lessening the communication
effort related to optimization, but also, as the number of total
keyframes remains proportional to the extent of the mapped
scene and not the number of robots, the communication effort
is also reduced.

V. CONCLUSIONS

Acknowledging the advantages of camera relocalization
in single-agent SLAM and centralized collaborative SLAM,
this paper proposes a covisibility-based, peer-to-peer map
sharing strategy that enables its application to decentralized
collaborative SLAM systems. Driven by the need for the
shared data to be consistent in the distributed system, we
opt for asynchronous ADMM as the optimization backbone.
The presented experimental evaluations show a significant
reduction of redundancy in the map representation, as well
as improvements in scalability in terms of total compu-
tational effort and communication overhead. Future work
will involve the extension of our approach with strategies
to handle large loop closures and addressing issues arising
when dealing with delayed communication and bandwidth
limitations.
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